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Although it is common to model modulus of elasticity (MOE) and modulus of rupture
(MOR) of graded lumber as normal, lognormal, or Weibull distributions, recent theories and
empirical practices have cast doubt on these models. Mathematical proofs have been used to
shown how the MOR distributions of graded lumber can be derived from the MOR distributions
of mill-run populations. The MOR distribution of a graded lumber subpopulation is “pseudotruncated” and does not exhibit the same theoretical form as the mill-run population from which
it was drawn. Therefore, it is essential to explore the properties of mill-run lumber populations
and properly characterize their MOE and MOR distributions. To investigate this topic, this
dissertation has three objectives: 1) to determine if the within-mill means and standard deviations
of MOE and MOR in mill-run southern pine (Pinus spp.) lumber differ over time, 2) to
determine the correlations among hand-held grain angle meter readings, MOE, and MOR in millrun southern pine lumber, and 3) to model statistical distributions of MOE and MOR in mill-run
red pine (Pinus resinosa) and spruce (Picea spp.) lumber. This research features four main
sections: 1) an introduction summarizing the conclusions of each chapter, 2) a chapter
investigating if there are statistically significant differences between the means and variances of
MOE and MOR in mill-run southern pine lumber populations at the same mill over time, 3) a

chapter evaluating the bivariate correlations among handheld grain angle meter readings, MOR,
and three measures of MOE in mill-run southern pine lumber, and 4) a chapter modeling the
distributions of MOE and MOR in mill-run red pine and spruce lumber populations and
comparing those to previous work on mill-run southern pine lumber populations.

DEDICATION
To all my family and friends near and far.
To my husband, Christopher Lee Anderson, for his love, support, and sacrifices.
To my father, Decheng Cao, for encouraging me, believing in me, and being the first
coach of my life.

ii

ACKNOWLEDGEMENTS
I would like to thank my advisor, Dr. Frank C. Owens, and committee members, Dr.
Rubin Shmulsky, Dr. R. Daniel Seale, and Dr. Frederico Franca, for their professional
mentorship, valuable time, knowledgeable guidance, and selfless support. Without their help, I
could not have achieved my goals in my doctoral program at Mississippi State University.
I would like to express my sincere appreciation to Dr. Steve Verrill and Dr. Robert Ross
at the USDA Forest Products Laboratory for their knowledgeable guidance and invaluable
support. They are not only knowledgeable but also inspirational for me in the statistical and
wood science field.
I am grateful for our excellent research associates, Mr. Franklin Quin, Mr. Edward
Entsminger, Mr. Brian Mitchell, and stellar intermittent worker Mr. Samuel Shmulsky, at the
Department of Sustainable Bioproducts for their kind assistance and continuous support.
I also extend my thanks to my amazing peers and colleagues for their tremendous help
and inspiration. Working with them has been enjoyable and a great opportunity to learn and
grow.
The author acknowledges the support of the USDA Forest Service, Forest Products
Laboratory under Agreement No.17-JV-11111133-035. Any opinions, findings, conclusions, or
recommendations expressed in this publication are those of the author(s) and do not necessarily
reflect the view of the U.S. Department of Agriculture.

iii

The author also wishes to acknowledge and thank the Southern Pine Inspection Bureau
(SPIB) and the Northeastern Lumber Manufacturers Association (NELMA) for their gracious
contributions to this research.

iv

TABLE OF CONTENTS
DEDICATION ................................................................................................................................ ii
ACKNOWLEDGEMENTS ........................................................................................................... iii
LIST OF TABLES ........................................................................................................................ vii
LIST OF FIGURES ..................................................................................................................... viii
CHAPTER
I.

INTRODUCTION: EXECUTIVE SUMMARY ...............................................................1
1.1 Summary of Chapter 2.................................................................................................2
1.2 Summary of Chapter 3.................................................................................................3
1.3 Summary of Chapter 4.................................................................................................4
1.4 Conclusion ...................................................................................................................5
1.5 References ...................................................................................................................6

II.

WITHIN-MILL VARIATION IN THE MEANS AND VARIANCES OF MOE AND
MOR OF MILL-RUN LUMBER OVER TIME ..............................................................8
2.1 Abstract........................................................................................................................8
2.2 Introduction .................................................................................................................9
2.3 Material and Methods ................................................................................................13
2.3.1 Sampling ...........................................................................................................13
2.3.2 Testing ..............................................................................................................14
2.3.3 Statistical Methods ...........................................................................................15
2.4 Results .......................................................................................................................16
2.4.1 Mean Comparison for MOR .............................................................................16
2.4.2 Levene’s Test for MOR ....................................................................................20
2.4.3 Mean Comparisons for MOE ...........................................................................20
2.4.4 Levene’s Test for MOE ....................................................................................22
2.5 Discussion..................................................................................................................23
2.6 Conclusion .................................................................................................................30
2.7 Acknowledgment .......................................................................................................31
2.8 References .................................................................................................................32

III.

CORRELATIONS BETWEEN GRAIN ANGLE METER READINGS AND
BENDING PROPERTIES OF MILL-RUN SOUTHERN PINE LUMBER ..................34
v

3.1 Abstract......................................................................................................................34
3.2 Introduction ...............................................................................................................34
3.3 Materials and Methods ..............................................................................................36
3.3.1 Sampling ...........................................................................................................36
3.3.2 Testing ..............................................................................................................36
3.3.3 Grain angle measurement .................................................................................37
3.3.4 Statistical methods ............................................................................................37
3.4 Results .......................................................................................................................37
3.4.1 Bivariate correlations among mill-run lumber properties ................................37
3.4.2 Bivariate correlations among graded lumber properties ..................................38
3.5 Discussion..................................................................................................................40
3.6 Conclusion .................................................................................................................42
3.7 Acknowledgment .......................................................................................................42
3.8 References .................................................................................................................43
IV.

FITTING STATISTICAL DISTRIBUTION MODELS TO MOE AND MOR IN
MILL-RUN SPRUCE AND RED PINE LUMBER POPULATIONS ...........................45
4.1 Abstract......................................................................................................................45
4.2 Introduction ...............................................................................................................46
4.3 Materials and Methods ..............................................................................................47
4.3.1 Sampling ...........................................................................................................47
4.3.2 Testing ..............................................................................................................48
4.3.3 Statistical methods ............................................................................................50
4.4 Results .......................................................................................................................50
4.5 Discussion..................................................................................................................57
4.6 Conclusion .................................................................................................................58
4.7 Acknowledgment .......................................................................................................59
4.8 References .................................................................................................................60

APPENDIX
A.

PROBABILITY DENSITY FUNCTIONS NORMAL DISTRIBUTION ......................63
Normal .............................................................................................................................64
Lognormal .......................................................................................................................64
Two-parameter Weibull...................................................................................................64
Three-parameter Weibull.................................................................................................64
Skew normal ....................................................................................................................65
Mixed normal ..................................................................................................................65

vi

LIST OF TABLES
Table 2.1

Results of t-tests comparing the adjusted MOR of the summer and winter
mill run samples by mill. ............................................................................................16

Table 2.2

Results of t-tests comparing the adjusted MOE of the summer and winter mill
run samples by mill. ...................................................................................................21

Table 2.3

Comparison of grade breakdowns for summer and winter mill run samples
from Mill 3. ................................................................................................................24

Table 3.1

Pearson’s bivariate correlations (r) among grain angle, Adj-MOR, Adj-MOEStat, Adj-DirE, and Adj-Ecomp for the mill-run lumber population. ........................38

Table 3.2

Pearson’s bivariate correlations (r) between grain anglea and MORb in graded
lumber. ........................................................................................................................40

Table 4.1

Goodness-of-fit p-values for spruce. ..........................................................................52

Table 4.2

Goodness-of-fit p-values for red pine.........................................................................53

Table 4.3

Goodness-of-fit test summary rejection score card ....................................................54

vii

LIST OF FIGURES
Figure 2.1 Means of adjusted MOR for summer and winter mill run samples by mill. ..............17
Figure 2.2 Frequency comparison of adjusted MOR (summer vs. winter) for Mill 1. ................18
Figure 2.3 Frequency comparison of adjusted MOR (summer vs. winter) for Mill 2. ................18
Figure 2.4 Frequency comparison of adjusted MOR (summer vs. winter) for Mill 3. ................19
Figure 2.5 Frequency comparison of adjusted MOR (summer vs. winter) for Mill 4. ................19
Figure 2.6 Cumulative percentage (summer vs. winter) of adjusted MOR for the entire
mill-run population (all developing grades) of Mill 3. ...............................................25
Figure 2.7 Cumulative percentage (summer vs. winter) of adjusted MOR for the portion
of the mill-run population from Mill 3 that graded select structural. .........................26
Figure 2.8 Cumulative percentage (summer vs. winter) of adjusted MOR for the portion
of the mill-run population from Mill 3 that graded No. 1 ..........................................26
Figure 2.9 Cumulative percentage (summer vs. winter) of adjusted MOR for the portion
of the mill-run population from Mill 3 that graded No. 2. .........................................27
Figure 2.10 Cumulative percentage (summer vs. winter) of adjusted MOR for the portion
of the mill-run population from Mill 3 that graded No. 3. .........................................27
Figure 2.11 Cumulative percentage (summer vs. winter) of adjusted MOR for the portion
of the mill-run population from Mill 3 that graded below No. 3 (low grade). ...........28
Figure 3.1 Metriguard’s grain angle meter ..................................................................................39
Figure 4.1 Third-point static bending test fixture per ASTM D 198-15 ......................................54
Figure 4.2 Probability plots for skew normal and mixed normal distributional fits to
bending properties in spruce. ......................................................................................55
Figure 4.3 Probability plots for skew normal and mixed normal distributional fits to
bending properties in red pine. ...................................................................................56

viii

CHAPTER I
INTRODUCTION: EXECUTIVE SUMMARY
It is common to model the modulus of elasticity (MOE) of graded lumber as a normal
distribution and modulus of rupture (MOR) as a normal, lognormal, or Weibull distribution
(Green and Evans 1987; Evans et al 1997; ASTM 2017, 2017). Recent theories and empirical
practices, however, have cast doubt on these models (Verrill et al, 2012, 2013, 2014, 2015).
Mathematical proofs have been used to shown how the MOR distributions of graded lumber can
be derived from the MOR distributions of mill-run populations. (Here, “mill-run lumber
population” includes every piece of lumber sawn from logs. Unlike the graded subpopulation, it
includes all qualities from “best” to “worst.” It may include pieces that would normally be end
trimmed, might not make grade, or might otherwise be ground into chips.) The MOR distribution
of a graded lumber population is “pseudo-truncated” and does not exhibit the same theoretical
form as mill-run population from which it was drawn (Owens et al, 2018, 2019). For example, if
the MOR distribution of a full mill-run lumber population is normally distributed, the MOR
distribution of a graded subpopulation derived from this full population should be a pseudotruncated normal distribution (not a conventional normal distribution).
Verrill et al (2013, 2014, 2020) suggested that disregarding the phenomenon of pseudotruncation may lead to reliability calculations that fail to adequately estimate the probability of
lumber failure in service. Inadequate distribution models could result in either an overlyconservative reduction in lumber’s design values (in the case of overestimation) or compromised
1

safety (in the case of understimation). An adequate model of a graded lumber population should
provide balance between resource efficiency and safety. Therefore, it is essential to explore the
properties of mill-run lumber populations and model statistical distributions for MOE and MOR
in order to better understand the MOE and MOR distributions of graded lumber subpopulations.
In pursuit of statistical distribution modeling and property evaluation of mill-run lumber,
this dissertation has three objectives: 1) to determine if the within-mill means and standard
deviations of MOE and MOR in mill-run southern pine (Pinus spp.) lumber differ over time, 2)
to determine the correlations among hand-held grain angle meter readings, MOE, and MOR in
mill-run southern pine lumber, and 3) to model statistical distributions of MOE and MOR in
mill-run red pine (Pinus resinosa) and spruce (Picea spp.) lumber.
This research features four major sections: 1) an introduction summarizing the
conclusions of each chapter, 2) a chapter (Chapter 2) investigating if there are statistically
significant differences between the means and variances of MOE and MOR in mill-run southern
pine lumber populations at the same mill over time, 3) a chapter (Chapter 3) evaluating the
bivariate correlations among handheld grain angle meter readings, MOR, and three measures of
MOE in mill-run southern pine lumber, and 4) a chapter (Chapter 4) modeling the distributions
of MOE and MOR in mill-run red pine and spruce lumber populations and comparing those to
previous work on mill-run southern pine lumber populations.
1.1 Summary of Chapter 2
Previous studies have suggested that the means and variances of mechanical properties in
the same visual grade of lumber can vary from mill to mill and from time to time. This finding
compelled researchers to ponder the stability of the means and variances of mill-run lumber at
the same mill over time. This chapter investigates if there are statistically significant differences
2

between the means and variances of MOE and MOR in mill-run lumber populations at the same
mill over time. The results showed that significant differences in mean mill-run MOE and/or
MOR were found between the summer and winter samples in the two full-complement mills
sampled while no significant differences in mill-run MOR or MOE were found in the small- and
large-log mills sampled. In addition to the fact that the winter mill-run sample from one of the
full complement mills was made up of a larger percentage of lower-grade material than the
summer sample, there were pronounced strength differences between the summer and winter
samples both around the median and at the lowest (near-minimum) percentiles within each grade.
1.2 Summary of Chapter 3
Nondestructive testing (NDT) methods have been widely used to predict the bending
strength of wood members. Previous studies have shown that there is a strong correlation
between MOR and MOE. For this reason, MOE is frequently used to predict MOR. Similar to
MOE, grain angle (slope of grain) is also correlated with lumber strength. Metriguard’s grain
angle meter (Model 511) is designed to measure grain angle by assessing the difference in
dielectric constant (permittivity) between a direction parallel to the grain and perpendicular to
the grain. Although previous studies have demonstrated the application of the Metriguard Model
511 for measuring grain angle on small specimens of spruce and several European hardwoods,
there is no information on its application for the determination of grain angles in commerciallyavailable full-size lumber specimens. This chapter evaluates the bivariate correlations among
handheld grain angle meter readings, MOR, and three measures of MOE in mill-run southern
pine lumber. The results show a correlation of -0.420 between grain angle reading and mill-run
MOR. Also, when the data was broken out into grades, the correlation between grain angle
meter readings and MOR got progressively stronger as the grade went down. As for the
3

correlations between grain angle readings and the three measures of MOE, the correlation was
the strongest for static MOE (-0.314) followed by MOE as measured by Fibre-gen’s Director
HM200 (-0.249), and finally MOE as measured by Metriguard’s E-computer (-0.251).
1.3 Summary of Chapter 4
In a study of 1600 2 × 4 mill-run southern pine lumber pieces sampled across four
sawmills at two different times of a year, Owens et al (2019) suggested that normal, lognormal,
and Weibull distributions might be inadequate for modeling both MOE and MOR. Rather,
nontraditional distributions like skew-normal and mixed-normal seemed to be more appropriate
for modeling the MOE and MOR in the mill-run populations. Although studies are suggesting
that skew-normal and mixed-normal distributions may be more suitable for modeling mill-run
southern pine lumber, there have been no studies on other mill-run species such as red pine and
spruce. This chapter models the distributions of MOE and MOR in mill-run red pine and spruce
lumber populations and compares those to previous work on mill-run southern pine lumber
populations. Mill-run samples of 200 red pine 2 × 4 specimens and 200 spruce 2 × 4 specimens
(for a total of 400 test pieces) were collected, and the MOE and MOR for each specimen were
assessed. Six distributions (normal, lognormal, two-parameter Weibull, three-parameter Weibull,
skew normal, and mixed normal) were selected as the candidate distributions. In addition to
further demonstrating that traditional distributions such as normal, lognormal, and Weibull may
not be adequate to model mill run MOE and MOR populations, the results suggested that mixed
normal and skew normal distributions might perform well across species.

4

1.4 Conclusion
Previous studies have demonstrated that it is essential to explore the properties of millrun lumber populations and model statistical distributions for MOE and MOR before trying to
determine the MOE and MOR distributions of the graded lumber subpopulation. This
dissertation pursues this topic in relation to three aspects: 1) MOR and MOE variation in millrun lumber, 2) correlations between grain angle readings and properties in mill-run lumber, and
3) statistical distribution fitting in red pine and spruce mill-run lumber. The findings suggest the
following:
•

The within-mill means and standard deviations of MOE and MOR in mill-run southern
pine lumber differ over time at some mills. In addition, In-grade analysis demonstrated a
profound effect of mill-run lumber on graded lumber: a leftward shift in the mill-run
MOR leads to not only a larger percentage of lower grade material but also pronounced
strength differences within each grade. A theory of mixed distributions might account for
the significant differences in means and variances of the mill-run MOE and MOR in the
same mill over time.

•

It seems possible that the Metriguard Model 511 has the potential, in an industrial setting,
to provide supplementary nondestructive data that could be more useful for assessing
bending strength in lower-grade lumber.

•

Distribution fitting results of MOE and MOR mill-run data in red pine and spruce
demonstrate that traditional distributions such as normal, lognormal, and Weibull may
not be adequate to model mill-run MOE and MOR populations in red pine and spruce.
Mixed normal and skew normal distributions might perform well across species.

5

1.5 References
ASTM International. (2017). Standard Practice for Sampling and Data-Analysis for Structural
Wood and Wood-Based Products. (D2915-17). Retrieved from
https://doi.org/10.1520/D2915-17.
ASTM International. (2017). Standard specification for computing reference resistance of woodbased materials and structural connections for load and resistance factor design.
(D5457-17). Retrieved from https://doi.org/10.1520/D5457-17.
Evans, J. W., Johnson, R. A., & Green, D. W. (1997). Goodness-of-fit tests for two-parameter
and three-parameter Weibull distributions. Advances in the theory and practice of
statistics: A volume in honor of Samuel Kotz. Wiley, 159-178.
Green D. W., & Evans J. W. (1987). Mechanical properties of visually graded lumber: Volumes
1-8. U.S. Department of Commerce, National Technical Information Service.
Owens F. C., Verrill S. P., Kretschmann D. E., & Shmulsky R. (2018). Distributions of MOE
and MOR in a full lumber population. Wood and Fiber Science, 50(3):265-279.
Owens F. C., Verrill S. P., Shmulsky R., & Ross R. J. (2019). Distributions of modulus of
elasticity and modulus of rupture in four mill-run lumber populations. Wood and Fiber
Science, 51(2):183-192.
Verrill S. P., Evans J. W., Kretschmann D. E., & Hatfield C. A. (2012). Asymptotically efficient
estimation of a bivariate Gaussian-Weibull distribution and an introduction to the
associated pseudo-truncated Weibull. U.S. Department of Agriculture, Forest Service,
Forest Products Laboratory Research Paper FPL-RP-666, 76.
Verrill S. P., Evans J. W., Kretschmann D. E., & Hatfield C. A. (2013). An evaluation of a
proposed revision of the ASTM D 1990 grouping procedure. U.S. Department of
Agriculture, Forest Service, Forest Products Laboratory Research Paper FPL-RP-671,
34.
Verrill S. P., Evans J. W., Kretschmann D. E., & Hatfield C. A. (2014). Reliability implications
in wood systems of a bivariate Gaussian-Weibull distribution and the associated
univariate pseudo-truncated Weibull. Journal of Testing and Evaluation, 42(2):412-419.
Verrill S. P., Evans J. W., Kretschmann D. E., & Hatfield C. A. (2015). Asymptotically efficient
estimation of a bivariate Gaussian-Weibull distribution and an introduction to the
associated pseudo-truncated Weibull. Communications in Statistics-Theory and Methods,
44:2957-2975.

6

Verrill, S. P., Owens F. C., Kretschmann D. E., Shmulsky R., & Brown L. S. (2020). Visual and
MSR grades of lumber are not 2-parameter Weibulls and why this may matter. Journal of
Testing and Evaluation, 48(5).

7

CHAPTER II
WITHIN-MILL VARIATION IN THE MEANS AND VARIANCES OF MOE AND MOR
OF MILL-RUN LUMBER OVER TIME
Anderson, G. C., Owens, F., Shmulsky, R., & Ross, R. J. (2019). Within-Mill Variation in the
Means and Variances of MOE and MOR of Mill-Run Lumber Over Time. Wood and Fiber
Science. 51 (4): 387-401. (Republished with permission)
2.1 Abstract
The literature related to the phenomenon of pseudo-truncation has emphasized that the
mechanical property distributions of graded lumber subpopulations are determined by the
mechanical property distributions of the mill-run (or full) lumber populations from which the
subpopulations are formed. Whereas previous studies have shown that the means and variances
of mechanical properties in the same visual grade of lumber can vary from mill to mill, there
have been no studies on the stability of the means and variances of modulus of elasticity (MOE)
and modulus of rupture (MOR) in mill-run lumber populations at the same mill over time. The
objective of this study was to investigate if statistically significant differences between the means
and variances of MOE and MOR in mill-run lumber populations at the same mill could be
observed across samples taken several months apart. Two mill-run samples of 200 pieces of
rough, dry 2×4 southern pine lumber were taken from each of four Mississippi sawmills:
one in the summer and one in the winter. For each mill, the summer and winter means and
variances of flexural MOR and MOE were compared. Whereas no significant differences were
found between the mean MOR or mean MOE of the summer and winter samples from Mills 2
8

and 4, significant differences in mean MOE and/or MOR were found between the summer and
winter samples from Mills 1 and 3. In addition, a Levene’s test on the MOR of Mill 1 showed
significant differences in the variance between the summer and winter samples. Further analysis
revealed that in addition to the fact that the winter mill-run sample from Mill 3 was made up of a
larger percentage of lower grade material than the summer sample, there were pronounced
strength differences between the summer and winter samples both around the median and at the
lowest (near-minimum) percentiles within each grade. This reinforces the notion that changes in
mill-run MOR distributions over time can have an important effect on the overall strength of a
given mill’s visual grades over time. A theory of mixed distributions could account for these
differences.
2.2 Introduction
A full, or “mill-run,” lumber population includes every piece of lumber sawn from logs.
Unlike a graded population, it includes all qualities from “best” to “worst.” It may include pieces
that would normally be end trimmed, might not make grade, or might otherwise be ground into
chips.
The literature related to the statistical phenomenon of pseudo-truncation (Verrill et al
2012, 2013, 2014, 2015, 2017, 2019; Owens et al 2018, 2019) has emphasized that the bending
strength distributions of graded lumber subpopulations are determined by the bending strength
distributions of the mill-run (or full) lumber population from which the subpopulations are
formed.
Although the impact that a mill-run population has on the distributional form(s) of
modulus of rupture (MOR) in its graded subpopulation(s) has important implications for
reliability calculations (Verrill et al 2013, 2014, 2018), it may not seem particularly relevant to
9

those outside the engineering community. More important to everyday producers and consumers
of structural lumber might be how mill-run populations influence basic properties of graded
lumber such as mean and near-minimum bending strength.
The mechanical properties of visually graded lumber are known to vary. For example,
Galligan and Snodgrass (1970) showed that lumber of the same species and visual grade can
exhibit considerable differences in mechanical properties from mill to mill.
Variation is also understood to occur within the same mill over time. Bender and Woeste
(2012) write:
Because of differences in forests due to factors such as management practices, climate,
soils, species mix within a species grouping and log processing variables, the strength of
the material from different sawmills will vary from mill to mill and from week to week.
This type of variation has been recognized as a natural part of the visual grading system
since it was developed nearly a century ago. (p. 37)
Although previous studies have shown that the means and variances of mechanical properties in
the same visual grade of lumber can vary from mill to mill, to the authors’ knowledge, there have
been no studies on the stability of the means and variances of mill-run lumber at the same mill
over time. As mill-run lumber is known to impact the properties of graded lumber, this should be
investigated.
The objective of this study was 2-fold. First, it seems necessary to determine if
meaningful differences in mean modulus of elasticity (MOE) and MOR can be observed in millrun lumber populations at the same mill over time. Whereas the presumption is that (slight)
variation can and does occur from day to day, week to week, and month to month for any
combination of the reasons Bender and Woeste (2012) mentioned previously, it seems less likely
10

that these differences would be large under normal circumstances because that could drastically
impact visual grade yield, product performance quality, machine stress–rated lumber yield/mix,
and overall mill profitability. In other words, it is seemingly in a mill’s best interest to source
their raw material in a way that minimizes mechanical property variation over time (to the extent
possible). Therefore, the first objective was to investigate if statistically significant differences
between the means and variances of MOE and MOR can be observed at the same mill over time.
If significant differences in means and variance can be found, it would suggest that meaningful
(as opposed to negligible) differences in mechanical performance can be seen across time at the
same sawmill.
Although some variation in mechanical properties undoubtedly occurs in mill-run lumber
from week to week and even day to day because of variations in raw materials, it might be
reasonable to assume that large variations are more likely to occur over a period of months than
over a period of days. If the span of months is approximately six, one might also expect
influence from seasonal variables such as log availability, forest tract access, etc. For these
reasons, two samples of sawn material were obtained from each mill—one in the summer (June
through July production) and one in the winter (December through January production).
It is important to note that this study did not aim to generalize how or determine why
means and variances of mechanical properties of mill-run lumber populations might vary across
seasons per se; rather, the aim was merely to determine if nontrivial differences can be observed
in real mill-run lumber populations sampled several months apart. Summer and winter sampling
was intended to maximize potential differences in mechanical properties (so they could be more
easily detected) under the assumption that the changes in log availability, forest access, etc. that
typically occur between summer and winter months might yield larger differences than those that
11

might typically occur between (eg) consecutive days or weeks. It should also be understood that
no claim is being made that basic lumber quality and mechanical properties somehow change
depending on the season the trees were harvested or the logs milled.
The second objective of this study was to investigate how significant differences in
bending strength in mill-run lumber populations (should they be found) affect the properties of
the visually graded lumber extracted from them. For example, a reduction in mean strength in a
mill-run population, presumably caused by “lower quality” baseline or parent raw material,
might result in increased proportions of lower grade lumber, but is that the only kind of change
one might expect? How might a change in mean strength at the mill-run level impact the strength
within each visual grade?
To investigate these questions, two mill-run samples of 200 pieces of rough, dry 2 × 4
southern pine lumber were taken from each of four Mississippi sawmills: one in the summer and
one in the winter. For each mill, the means and variances of flexural MOR and MOE of the two
samples were compared. If significant differences in mean mechanical properties were found
between the summer and winter mill-run samples, analysis continued at the level of visual grades
to determine how those differences might have impacted both the grade yield and the strength
properties of each individual grade.
As the bending strength of visually graded lumber is not typically monitored and tracked
on a daily basis by sawmills (Bender and Woeste 2012), it is important that mill managers
understand that a mean strength reduction in a millrun population of lumber might affect the
strength performances of individual grades.

12

2.3 Material and Methods
2.3.1 Sampling
In total, 1,600 pieces of mill-run 2 × 4 lumber were provided by four regional sawmills in
Mississippi. Each mill provided 200 pieces of lumber sawn from summer (June or July)
production and 200 pieces sawn from winter (December or January) production. For each
sampling, a kiln package was randomly selected from the weekly dry kiln output. After removing
the top course of lumber (to avoid potential and excessive warp), 200 rough dry pieces were
selected sequentially. Full details of the sampling method appear in Owens et al (2019). The size
of lumber after planing was approximately 1.5 × 3.5 × 96 inches (3.81 × 8.89 × 243.84 cm).
Although the material was pulled from production and tested as mill-run lumber, the material
was graded after planing by a Southern Pine Inspection Bureau (SPIB)–certified inspector to
provide data for additional analyses.
Among the four mills, the first mill was classified as a “full complement” mill as it
processes a full range of log sizes (no minimum butt size; maximum butt size of 24 inches [60.96
cm]). It sawed more or less a full complement of dimension lumber sizes (2 × 4 to 2 × 12). The
second mill was classified as a small log mill because it saws mostly small logs (maximum butt
size of 15 inches [38.10 cm]; no minimum butt size so long as the top is at least 4 inches [10.16
cm]). It sawed mainly 2 × 4 and a small proportion of 2 × 6. The third mill was also classified as
a full complement mill. The fourth mill was classified as a large log mill because its log
population is mainly large logs (maximum butt size of 28 inches [71.12 cm]; minimum butt size
of 12 inches [30.48 cm]). It sawed mainly 2 × 8 to 2 × 12 with very little 2 × 4 and 2 × 6.
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2.3.2 Testing
Both nondestructive and destructive tests were used to collect the data. For each
specimen, MOR and three measures of MOE were recorded. Two nondestructive tests were
performed to measure dynamic MOE. Metriguard’s E-computer device (Model 340, Metriguard,
Inc., Pullman, WA) estimated the MOE by measuring the transverse vibration in the sample.
Each test piece was supported at its two ends. A transducer at one end of the specimen measured
the frequency of the oscillation after a slight tap was applied to the midspan. The computer
calculated the MOE according to the following equation (Ross and Pellerin 1994):
𝑓 2 𝑊𝑆 3
𝐸=
𝐶𝐼𝑔

(1.1)

Where E = modulus of elasticity, S = span, W = weight of specimen, f = resonant frequency, I =
moment of inertia, g = acceleration due to gravity, and C = a constant.
Fibre-gen’s device (Director HM200, Fibre-gen Limited, Christchurch, New Zealand)
was used to measure acoustic velocity and calculate the MOE. The specimen was placed across
two sawhorses. The device’s sensor was held against one end of the test piece. The acoustic
wave produced by a hammer tap traveled from one end to the other. Then the device measured
the acoustic velocity and calculated the MOE based on the following equation (Ross and Pellerin
1994):

𝐸 = 𝜌𝑉 2
where E = modulus of elasticity, ρ = density of the specimen, and V = acoustic velocity.
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(1.2)

A destructive third-point static bending test per ASTM D198-15 (ASTM 2015) was
performed to measure the static MOE and MOR. Before testing, the MC of each specimen was
measured by a Wagner L 601-3 handheld moisture meter (Wagner Electronic Products Inc.,
Rogue River, OR). The average MC of the test specimens was 13.3% (SD = 1.70). The span-todepth ratio was held constant at 17:1. The lengthwise location of the 59.5-inch (151.13 cm) test
span within each 96-inch specimen was randomly determined. Each specimen was placed into
the fixture in an edgewise orientation. An extensometer was placed under the bottom edge of the
midspan where the greatest deflection occurred. The load heads applied force until the test piece
achieved full failure. The average testing time was approximately 5 min. All MOE and MOR
values were adjusted to a common MC of 15% per ASTM 1990-16 (ASTM 2016) before
analysis. In the summer sample from Mill 2 and the winter sample from Mill 4, there was one
broken piece each, before testing. These two pieces were not testable by any method, so the total
number of data points for all properties was reduced to 199 each. In addition, among the winter
samples, there were two pieces from Mill 1, two pieces from Mill 2, and one piece from Mill 3
for which the Director device did not produce a reading even after multiple attempts. The sample
size for these specimens was reduced only for analyses that required Director data.
2.3.3 Statistical Methods
Mean comparisons of MOE and MOR were performed with t-tests on both the MOE and
MOR of the summer and winter data sets of each mill. Levene’s tests based on the median
(Brown-Forsythe tests) were performed to assess homogeneity of variance. SPSS 25 (IBM Corp.
2017) was used to run the t-tests and Levene’s tests. Minitab 18 (Minitab, Inc. 2017) was used
to generate the smoothed curves for the cumulative percentage graphs (degree of smoothing =
0.5; number of steps = 2).
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2.4 Results
2.4.1 Mean Comparison for MOR
Table 2.1 compares the mean MOR values of the summer and winter samples by mill.
The results are presented graphically in Fig 1. For Mill 1 (the full complement pilot mill), the
mean MOR values for summer and winter were 54.11 MPa and 53.91 MPa, respectively. The
difference was not significant (t [380.623] = 0.105, p = 0.916) at a 0.05 level. For Mill 2 (the
small log mill), the mean MOR values for summer and winter were 42.34 MPa and 43.89 MPa,
respectively. The difference was not significant (t [397] = -0.890, p = 0.374). For Mill 3 (the
second full complement mill), the mean MOR values for summer and winter were 54.95 MPa
and 45.71 MPa, respectively. The difference was significant (t [398] = 4.405, p < 0.001). For
Mill 4 (the large log mill), the mean MOR values for summer and winter were 57.95 MPa and
56.38 MPa, respectively. The difference was not significant (t [397] = 0.701, p = 0.484).
Table 2.1

Mill
Code

Results of t-tests comparing the adjusted MOR of the summer and winter mill run
samples by mill.

Mill Type

Season

n

Mean
(MPa)

1

Pilot (Full
complement)

2

Small Log

3

Full
complement

4

Large Log

Summer
Winter
Summer
Winter
Summer
Winter
Summer
Winter

200
200
199
200
200
200
200
199

54.11
53.91
42.34
43.89
54.95
45.71
57.95
56.38

t

df

pvalue
(t test)

.105

380.623b

.916

-.890

397

.374

4.405

398

<.001

.701

397

.484

SD
(MPa)
16.51
20.51
17.43
17.22
21.61
20.31
23.96
20.77

p-value
(Levene’s)a
.001
.830
.526
.153

Fifth
percentile
(MPa)
22.90
17.11
17.93
20.32
20.90
14.87
17.42
19.11

All MOR values were adjusted to a common MC of 15% per ASTM 1990.
5%ile, fifth percentile.
a
The Levene’s test was based on the median.
b
A Levene’s test was performed to assess homogeneity of variances. Equal variances were assumed for
Mills 2, 3 and 4 but not for Mill 1.
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The histograms in Figs 2.2-2.5 graphically compare the summer and winter frequency
distributions of MOR by mill. Figure 2.4 exhibits a clear leftward (or, in this case, downward)
shift of the winter distribution relative to the summer distribution, as shown by the lower median
and 5th percentile.

Figure 2.1

Means of adjusted MOR for summer and winter mill run samples by mill.

Error bars: 95% confidence interval. All MOR values were adjusted to a common MC of 15%
per ASTM 1990.
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Figure 2.2

Frequency comparison of adjusted MOR (summer vs. winter) for Mill 1.

Adj-MOR, MOR adjusted to a common moisture content of 15% per ASTM D 1990.

Figure 2.3

Frequency comparison of adjusted MOR (summer vs. winter) for Mill 2.

Adj-MOR, MOR adjusted to a common moisture content of 15% per ASTM D 1990.
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Figure 2.4

Frequency comparison of adjusted MOR (summer vs. winter) for Mill 3.

Adj-MOR, MOR adjusted to a common moisture content of 15% per ASTM D 1990.

Figure 2.5

Frequency comparison of adjusted MOR (summer vs. winter) for Mill 4.

Adj-MOR, MOR adjusted to a common moisture content of 15% per ASTM D 1990.
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2.4.2 Levene’s Test for MOR
For Mill 1, a Levene’s test rejected the null hypothesis that the summer and winter
population variances were equal (α = 0.05, p = 0.001). For all other mills, the Levene’s tests
failed to reject the null hypothesis (p > 0.05).
2.4.3 Mean Comparisons for MOE
Table 2.2 compares the MOE values of the summer and winter samples by mill. All three
measures of elasticity—the static MOE from the bending test (MOE-stat), the dynamic MOE
from the Director test (Dir-E), and the dynamic MOE from the E-computer test (Ecomp-E)—
appear in the table.
For Mill 1 (the full complement pilot mill), the mean MOE-stat values for summer and
winter were 9.82 GPa and 10.30 GPa, respectively. The difference was not significant (t [398] =
1.885, p = 0.060) at the 0.05 level. The mean Dir-E values for summer and winter were 10.84
GPa and 11.36 GPa, respectively. The difference was significant (t [396] = 2.022, p = 0.044).
The mean Ecomp-E values for summer and winter were 11.18 GPa and 10.00 GPa, respectively.
The difference was significant (t [398] = 4.927, p = < 0.001).
For Mill 2 (the small log mill), the mean MOE-stat values for summer and winter were
8.99 GPa and 9.26 GPa, respectively. The difference was not significant (t [397] = 1.055, p =
0.292) at the 0.05 level. The mean Dir-E values for summer and winter were 9.24 GPa and 9.49
GPa, respectively. The difference was not significant (t [395] = 0.931, p = 0.353). The mean
Ecomp-E values for summer and winter were 8.86 GPa and 8.60 GPa, respectively. The
difference was not significant (t [369.038] = 1.078, p = 0.282).
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Table 2.2
Mill
Code

Results of t-tests comparing the adjusted MOE of the summer and winter mill run samples by mill.
Mill Type

Data

Season
Summer

MOE-stat

1

Pilot (Full
Complement)

Dir-E
Ecomp-E

MOE-stat
2

Small Log

Dir-E
Ecomp-E
MOE-stat

3

Full
Complement

Dir-E
Ecomp-E
MOE-stat

4

Large Log

Dir-E
Ecomp-E

n
200

Mean
(GPa)
9.82

Winter

200

10.30

Summer

200

10.84

Winter

198

11.36

Summer

200

11.18

Winter

200

10.00

Summer
Winter
Summer

199
200
199

8.99
9.26
9.24

Winter

198

9.49

Summer
Winter
Summer
Winter
Summer

199
200
200
200
200

8.86
8.60
10.59
9.51
11.39

Winter

199

10.00

Summer
Winter
Summer
Winter
Summer

200
200
200
199
200

10.32
8.81
10.88
10.93
11.86

Winter

199

11.70

Summer

200

10.76

t

df

p-value
(t test)

SD

p-value
(Levene’s)a

2.41
-1.885

398

.060

-2.022

396

.044

4.927

398

<.001

-1.055

397

.292

-.931

395

.353

1.078

369.038b

.282

3.794

398

<.001

4.645

397

<.001

5.761

398

<.001

-.173

397

.863

.551

397

.582

-.396

397

.692

2.59
2.48
2.66

.152

2.56
2.25
2.73
2.41
2.88
2.44
2.71
2.05
2.74
2.95
2.90
3.11
2.54
2.71
2.81
2.73
2.89
2.87
2.53

Winter
199
10.86
2.47
MOE-stat, static MOE from the bending test; Dir-E, dynamic MOE from the Direct test; Ecomp-E, dynamic MOE from E-computer test.
All MOE values were adjusted to a common MC of 15% per ASTM 1990.
a
The Levene’s test was based on the median.
b
A Levene’s test was performed to assess homogeneity of variances. Equal variances were not assumed for the Ecomp-E data from Mills 2.
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.279

.248
.242
.110
.009
.085
.255
.193
.627
.671
.854

For Mill 2 (the small log mill), the mean MOE-stat values for summer and winter were
8.99 GPa and 9.26 GPa, respectively. The difference was not significant (t [397] = 1.055, p =
0.292) at the 0.05 level. The mean Dir-E values for summer and winter were 9.24 GPa and 9.49
GPa, respectively. The difference was not significant (t [395] = 0.931, p = 0.353). The mean
Ecomp-E values for summer and winter were 8.86 GPa and 8.60 GPa, respectively. The
difference was not significant (t [369.038] = 1.078, p = 0.282).
For Mill 3 (the second full complement mill), the mean MOE-stat values for summer and
winter were 10.59 GPa and 9.51 GPa, respectively. The difference was significant (t [398] =
3.794, p < 0.001) at the 0.05 level. The mean Dir-E values for summer and winter were 11.39
GPa and 10.00 GPa, respectively. The difference was significant (t [397] = 4.645, p < 0.001).
The mean Ecomp-E values for summer and winter were 10.32 GPa and 8.81 GPa, respectively.
The difference was significant (t [398] = 5.761, p < 0.001).
For Mill 4 (the large log mill), the mean MOE-stat values for summer and winter were
10.88 GPa and 10.93 GPa, respectively. The difference was not significant (t [397] = 0.173, p =
0.863) at the 0.05 level. The mean Dir-E values for summer and winter were 11.86 GPa and
11.70 GPa, respectively. The difference was not significant (t [397] = 0.551, p = 0.582). The
mean Ecomp-E values for summer and winter were 10.76 GPa and 10.86 GPa, respectively. The
difference was not significant (t [397] = 0.396, p = 0.692).
2.4.4 Levene’s Test for MOE
For the Ecomp-E of Mill 2, a Levene’s test rejected the null hypothesis that the summer
and winter population variances were equal (α = 0.05, p = 0.009). As for the MOE-stat and the
Dir-E of Mill 2, the Levene’s tests failed to reject the null hypothesis (p > 0.05). For all measures
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of MOE at all other mills (Mill 1, Mill 3, and Mill 4), the Levene’s tests failed to reject the null
hypothesis (p > 0.05).
2.5 Discussion
Based on the results of the testing, it is possible to make some basic observations.
1. No significant differences were found between the mean mill-run MOR or mean millrun MOE of the summer and winter samples from Mills 2 and 4. This finding suggests that the
average strength and stiffness of the raw material (ie the logs) at these two mills was consistent
between the summer and winter samplings. Mechanical properties at the same mill are believed
to vary from day to day, week to week, and month to month, yet this result suggests that, in the
case of some mills, those variations might be slight and have little meaningful impact on the
overall strength and stiffness of the mill-run lumber population. In other words, with stable
procurement of consistent material, MOR and MOE might be quite stable over time. This is not
to say that these mills are necessarily sourcing all their logs from the same stands all the time—
which they are most likely not; rather, even under the assumption of daily, weekly, and monthly
variations, stable availability of consistent raw materials from whatever source can make these
variations negligible. It should be noted that the failure of the t-tests to detect a significant
difference between the summer and winter samplings of Mills 2 and 4 could have been a mere
coincidence. It might be that there was significant variation in the MOR and MOE between every
other day, week, and month within that 6-mo interval; however, the temporal distance between
summer and winter samplings probably minimized that likelihood.
2. On the other hand, significant differences in mean mill-run MOE and/or MOR were
found between the summer and winter samples from Mills 1 and 3. In addition, the Levene’s test
for the MOR of Mill 1 showed significant differences in the variance between summer and
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winter. These results suggest that the raw material at these two mills changed somehow over
time. Although determining the exact cause is outside the scope of this study, this change might
have been brought about by, for example, a change in forest accessibility brought on by local,
seasonal fluctuations in precipitation levels, muddy terrain, or other disruptions to some (but not
other) log supply sources.
Table 2.3

Comparison of grade breakdowns for summer and winter mill run samples from
Mill 3.

Mill No.

Sample

Select Structural
(%)

No. 1
(%)

No. 2
(%)

No. 3 (%)

Low Grade
(%)

Total (%)

1

Summer
Winter
Summer
Winter
Summer
Winter
Summer
Winter

15.5
16.0
7.0
7.5
11.0
10.0
31.0
22.1

3.5
4.5
10.6
12.0
9.0
6.0
7.0
8.5

30.5
21.0
36.7
37.5
27.5
19.0
25.0
30.2

30.0
21.0
26.1
17.0
25.0
27.5
20.5
13.6

20.5
37.5
19.6
26.0
27.5
37.5
16.5
25.6

100
100
100
100
100
100
100
100

2
3
4

“Low Grade” refers to any specimen that graded below No. 3 (Southern Pine Inspection Bureau).

Although only four mills in total were sampled, there seems to be preliminary evidence
suggesting that mechanical properties of mill-run lumber produced several months apart (or at
least on different days) are consistent at some mills but perhaps not at others. It is worth noting
that the two mills that showed significant differences in mean MOR and/or MOE between the
summer and winter samples (ie Mills 1 and 3) were both full complement mills. Because the
range of log sizes at these mills was greater than the range of log sizes at the small (Mill 2) and
large (Mill 4) log mills, there was more opportunity for log size to vary between the summer and
winter samplings. Alternatively, for example, because most of the logs were small and relatively
similar in size at the small log mill, there was less opportunity for the difference in the log sizes
to be great enough to give rise to significant differences in mean MOE and MOR between the
summer and winter samples. The same logic can be applied to the large log mill.
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In addition, the significant leftward (or downward) shift in the mill-run MOR distribution
of Mill 3’s winter sample relative to the summer sample leads one to wonder how such a shift in
the mill-run distribution might affect the distributions of the graded lumber subpopulations
extracted from it.

Figure 2.6

Cumulative percentage (summer vs. winter) of adjusted MOR for the entire millrun population (all developing grades) of Mill 3.

25

Figure 2.7

Cumulative percentage (summer vs. winter) of adjusted MOR for the portion of the
mill-run population from Mill 3 that graded select structural.

Figure 2.8

Cumulative percentage (summer vs. winter) of adjusted MOR for the portion of the
mill-run population from Mill 3 that graded No. 1
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Figure 2.9

Cumulative percentage (summer vs. winter) of adjusted MOR for the portion of the
mill-run population from Mill 3 that graded No. 2.

Figure 2.10

Cumulative percentage (summer vs. winter) of adjusted MOR for the portion of the
mill-run population from Mill 3 that graded No. 3.
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Figure 2.11

Cumulative percentage (summer vs. winter) of adjusted MOR for the portion of the
mill-run population from Mill 3 that graded below No. 3 (low grade).

1. First, it is important to look at the grade breakdown to understand whether this
leftward shift was influenced by a higher percentage of lower grade material. The grade
breakdown for the mill-run summer and winter samples of all four mills is shown in Table 3. For
Mill 3, the winter sample exhibits a higher percentage of pieces in the lowest grades (No. 3 and
below). This indicates that the material from the winter sample contains larger grade-reducing
defects than the summer samples, which undoubtedly contributes to the overall lower MOR and
MOE of the mill-run population. In the case of Mill 3, the mill-run winter sample was made up
of a higher percentage of lower grade (and lower value) material.
2. It is also important to consider whether each winter grade exhibits the same sort of
leftward shift of the MOR distribution observed in the mill-run population. Figures 2.6-2.11
show summer and winter cumulative percentage comparisons for each grade taken from the millrun population of Mill 3. Each grade shows a leftward distribution shift both near the median and
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at the lowest percentiles. This finding indicates that, in addition to the fact that the winter millrun sample from Mill 3 was made up of a larger percentage of lower grade material than the
summer sample, there were pronounced strength differences between the summer and winter
samples both around the median and at the lowest (near-minimum) percentiles within each grade.
This finding reinforces the reality that changes in mill-run MOR distributions over time can have
an important effect on the overall strength of a mill’s visual grades over time. As the bending
strength of visually graded lumber is not typically monitored and tracked on a daily basis,
sawmills need to be aware that, similar to the differences observed between mechanical
properties from mill to mill, the strength of individual grades themselves (not just the grade
breakdown) can change as a result of what happens at the mill-run level. In other words,
although their grades may exhibit the same range of grade-reducing characteristics, they may not
all perform in the same manner.
Finally, it is worth considering how a theory of mixed distributions could potentially
account for significant differences in means and variances of MOE and MOR in mill-run
populations at the same mill over time. In their analysis of a mill-run population of lumber
sampled from a single sawmill on a single day, Verrill et al (2018) demonstrate that the MOEMOR bivariate distribution could be well modeled by a mixture of bivariate normal distributions
(in contrast to a single distribution) each representing a distinct underlying subpopulation, for
example, mature wood vs juvenile wood (small logs vs large logs), two different subspecies
within the southern pine group (for example Pinus taeda vs Pinus palustris), or pine taken from
lowlands (less moisture stress) vs highlands (potentially more moisture stress) as is common
seasonal practice. In the case of a bivariate mixture of normal distributions, there is an added
variable “p” that indicates the proportion of each of the two subpopulations comprising the
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mixture. (As per the probability density function for a mixture of bivariate normal distributions
in Appendix A of Verrill et al [2018], the variable p quantifies the proportion of one [the
leftmost] of the component distributions. The proportion of the other component distribution can
be calculated by 1-p.) If the MOE–MOR bivariate distribution of a millrun lumber population is
indeed a mixture of two bivariate component distributions, then it might be possible that the
respective proportions of those component distributions (or populations) change over time. For
example, seasonal fluctuations in precipitation levels might change access to certain forest tracts,
which, in turn, could alter the otherwise usual mix of small logs vs large logs and/or clear boles
vs more knotty boles. Such a change could impact both mean MOE and MOR as well as the
variance of the bivariate mixture even if the parameters of the component distributions remain
constant.
A prudent next step would be to test these data for evidence of distribution mixtures.
Owens et al (2019) have already investigated the MOR and MOE distributions of four mill-run
summer data sets. They will also investigate MOR and MOE distributions of four mill-run winter
data sets sampled at the same mills and assess whether MOR and MOE distributions (univariate
and bivariate) are well modeled as mixtures.
2.6 Conclusion
This study investigated whether statistically significant differences between the means
and variances of MOE and MOR in mill-run lumber populations at the same mill could be
observed across samples taken several months apart. Two mill-run samples of 200 pieces of
rough, dry 2 × 4 southern pine lumber were taken from each of four Mississippi sawmills: one in
the summer and one in the winter. For each mill, the summer and winter means and variances of
flexural MOR and MOE were compared. Whereas no significant differences were found between
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the mean MOR or mean MOE of the summer and winter samples from Mills 2 and 4, significant
differences in mean MOE and/or MOR were found between the summer and winter samples
from Mills 1 and 3. In addition, a Levene’s test on the MOR of Mill 1 showed significant
differences in the variance between the summer and winter samples. Further analysis revealed
that in addition to the fact that the winter mill-run sample from Mill 3 was made up of a larger
percentage of lower grade material than the summer sample, there were pronounced strength
differences between the summer and winter samples both around the median and at the lowest
(near-minimum) percentiles within each grade. This reinforces the reality that changes in millrun MOR distributions over time can have an important effect on the overall strength of a mill’s
visual grades over time. A theory of mixed distributions could account for these differences.
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CHAPTER III
CORRELATIONS BETWEEN GRAIN ANGLE METER READINGS AND BENDING
PROPERTIES OF MILL-RUN SOUTHERN PINE LUMBER
Anderson, G. C., Owens, F. C., Franca, F., Ross, R. J., & Shmulsky, R. (2020). Correlations
between grain angle meter readings and bending properties of mill-run southern pine lumber.
Forest Products Journal, 70(3), 275-278. (Republished with permission)
3.1 Abstract
Metriguard’s grain angle meter (Model 511) measures grain angle in wood by assessing
permittivity. This study evaluates the correlations between grain angle meter readings and
bending properties of 1,400 kiln-dried 2 by 4 specimens of southern pine (Pinus spp.) lumber
and considers its utility for providing supplementary data for predicting the strength of lumber.
The results showed that in mill-run lumber, the correlation between grain angle and modulus of
rupture (MOR) was - 0.420. In addition, in graded lumber, the correlation between grain angle
and MOR got progressively stronger as the grade went down. With a few technical
modifications, applying this device in a mill production setting could prove useful for
supplementing other nondestructive methods for assessing bending strength in lumber.
3.2 Introduction
Nondestructive testing methods have been widely used to predict the bending strength of
wood members. Previous studies have shown that there is a strong correlation between modulus
of rupture (MOR) and modulus of elasticity (MOE; for example, Senft and Angleton 1962). For
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this reason, MOE is frequently used to predict MOR. There are two types of MOE: static MOE
and dynamic MOE. Static MOE can be measured by static bending. Dynamic MOE can be
measured by transverse or longitudinal vibration.
Like MOE, grain angle is correlated with lumber strength (Luxford 1918, Wilson 1921,
Senft and Angleton 1962, Forest Products Laboratory 2010). At low moisture-content levels,
wood can be considered a dielectric material (James and Hamill 1965, Lin 1967). The dielectric
constant for wood varies with grain (fiber) direction. Metriguard’s grain angle meter (Model
511) is designed to measure grain angle by assessing the difference in dielectric constant
(permittivity) between a direction parallel to the grain (a lower dielectric constant) and a
direction perpendicular (a higher dialectic constant) to the grain. Measuring a material’s
dielectric constant can be accomplished by measuring the current flow between two conductors
when an alternating voltage is applied. Metriguard’s Model 511 has been used in other studies as
a predictor of tensile strength in lumber. For example, Schlotzhauer et al. (2014, 2018) have
demonstrated the application of the Metriguard Model 511 for measuring grain angle on
specimens of spruce (Picea abies) and six European hardwoods. There is, however, no
information on its application for the determination of grain angles in commercially available
full-size lumber specimens.
The objectives of this technical note are (1) to evaluate the bivariate correlations between
the grain angle meter readings and MOR and three measures of MOE (static MOE, MOE by
longitudinal vibration, and MOE by transverse vibrating) of 1,400 2 by 4 specimens of kiln-dried
southern pine (Pinus spp.) lumber, both as mill-run lumber and by grade, and (2) to consider its
utility for providing supplementary data for predicting the strength of commercial lumber
products.
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The data reported in this technical note came from a larger currently-in-progress
investigation into the statistical distributions of mill-run lumber populations (Verrill et al. 2017,
2018; Owens et al. 2018, 2019; Anderson et al. 2019). A mill-run lumber population includes
every piece of lumber sawn from logs. Unlike a graded population, it includes all qualities from
‘‘best’’ to ‘‘worst.’’ Additional results on the rest of the project are forthcoming.
3.3 Materials and Methods
3.3.1 Sampling
In total, 1,400 specimens of 2 by 4 southern pine mill-run lumber were sampled from
four sawmills in northern Mississippi. The dimensions of the lumber were approximately 1.5 by
3.5 by 96 inches (3.81 by 8.89 by 243.84 cm). For each sampling, a kiln package was randomly
selected from weekly dry kiln output from which 200 pieces of rough dry lumber were sampled
sequentially. Full details of the sampling method can be found in Owens et al. (2019). The millrun specimens were graded by a Southern Pine Inspection Bureau–certified inspector.
3.3.2 Testing
A third-point static bending test was performed per ASTM International D198-15 (2015)
to obtain the static MOR and static MOE (MOE-Stat) values with a span-depth ratio at 17:1. A
Wagner L 601-3 handheld moisture meter (Wagner Electronic Products Inc., Rogue River,
Oregon) was used to measure the moisture content (MC) before the bending test. The average
MC of the specimens was 13.3 percent (SD = 1.67). In addition, two types of dynamic MOE
were measured by nondestructive tests employing Fibre-gen’s Director HM200 (Fibre-gen
Limited, Christchurch, New Zealand; hereafter ‘‘Dir-E’’) and Metriguard’s E-computer device
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(Model 340, Metriguard Technologies, Inc., Pullman, Washington; hereafter ‘‘E-comp-E’’). The
full details of the testing method can be found in Owens et al. (2019).
3.3.3 Grain angle measurement
Metriguard’s grain angle meter (Fig.3.1) Model 511 (Metriguard Technologies Inc.) was
used to measure grain angle. This device is capable of measuring a maximum grain angle of
23.9º with a resolution of 0.1º. The device was held firmly against the wide face of each lumber
specimen and slid along the span covering the distance between load heads plus 2.5 inches (6.35
cm) on either side while remaining parallel to the edges of the lumber. The maximum grainangle reading measured over that distance was recorded by the operator.
3.3.4 Statistical methods
Bivariate correlations among grain angle, MOR, MOE-Stat, Dir-E, and Ecomp-E were
calculated using SPSS 25 (IBM Corp. 2017). Missing values were excluded pairwise. MOR,
MOE-Stat, Dir-E, and Ecomp-E values were adjusted to a common MC of 15 percent per ASTM
D1990-16 (ASTM International 2016).
3.4 Results
3.4.1 Bivariate correlations among mill-run lumber properties
Table 3.1 shows the bivariate correlations (Peason’s correlation coefficient r) among
grain angle, MOR, MOE-Stat, Dir-E, and Ecomp-E for the mill-run lumber population. Between
grain angle and MOR, the correlation coefficient was -0.420. Between grain angle and MOEStat, the correlation was -0.314. Between grain angle and Dir-E, the correlation was -0.249.
Between grain angle and Ecomp-E, the correlation was -0.251. All the correlations are
significant at a 0.01 level.
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3.4.2 Bivariate correlations among graded lumber properties
Bivariate correlations between grain angle and MOR in graded lumber are presented in
Table 3.2. For select structural grade, the correlation was -0.231. For No. 1 grade, the correlation
was -0.286. For No. 2 grade, the correlation was -0.367. For No. 3 grade, the correlation was 0.457. For ‘‘low grade’’ (any material that graded lower than No. 3), the correlation was -0.458.
All the correlations are significant at a 0.01 level.
Pearson’s bivariate correlations (r) among grain angle, Adj-MOR, Adj-MOE-Stat,
Adj-DirE, and Adj-Ecomp for the mill-run lumber population.

Table 3.1

Grain angle

MORc

MOE-Statd

Dir-Ee

Ecomp-Ef

a

Pearson Correlation
Sig. (2-tailed)
N
Pearson Correlation
Sig. (2-tailed)
N
Pearson Correlation
Sig. (2-tailed)
N
Pearson Correlation
Sig. (2-tailed)
N
Pearson Correlation
Sig. (2-tailed)
N

Grain angle
1
1398
-.420**
.000
1398
-.314**
.000
1398
-.249**
.000
1393
-.251**
.000
1398

MOR
-.420**b
.000
1398
1
1398
.791**
.000
1398
.730**
.000
1393
.712**
.000
1398

a

MOE-Stat
-.314**
.000
1398
.791**
.000
1398
1
1398
.929**
.000
1393
.924**
.000
1398

Dir-E
-.249**
.000
1393
.730**
.000
1393
.929**
.000
1393
1
1393
.964**
.000
1393

Value from Metriguard grain angle meter Model 511.
** Correlation is significant at the 0.01 level (2-tailed).
c
MOR value form a third-point static bending test per ASTM D198-15. Values were adjusted to
a common MC of 15% per ASTM 1990-16.
d
Static MOE value from static bending test per ASTM D198-15. Values were adjusted to a common
MC of 15% per ASTM D1990-16.
e
Dynamic MOE from Fibre-gen’s Direct HM200. Values were adjusted to a common MC of
15% per ASTM D1990-16.
f
Dynamic MOE from Metriguard’s E-computer device (Model 340). Values were adjusted to a
common MC of 15% per ASTM D1990-16.
b
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Ecomp-E
-.251**
.000
1398
.712**
.000
1398
.924**
.000
1398
.964**
.000
1393
1
1398

Figure 3.1

Metriguard’s grain angle meter
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Table 3.2

Pearson’s bivariate correlations (r) between grain anglea and MORb in graded
lumber.
Select
Structural
-.231**c
.001

No.1
Grade
-.286**
.002

No.2
Grade
-.367**
.000

No.3
Grade
-.457**
.000
301

Low
Grade
-.458**
.000
380

Pearson
Correlation
Sig. (2-tailed)
209
115
393
N
a
Value from Metriguard grain angle meter Model 511.
b
MOR value form a third-point static bending test per ASTM D198-15. Values were adjusted to
a common MC of 15% per ASTM 1990-16.
c
** Correlation is significant at the 0.01 level (2-tailed).
3.5 Discussion
From the results above, it is possible to make some fundamental observations:
1. For the mill-run data, the correlation between the grain angle meter reading and MOR
was -0.420. This suggests that when grain angle increases, MOR decreases, and vice versa. This
is not surprising, considering many previous studies have demonstrated that increased grain
angle leads to a reduction in bending strength (Luxford 1918, Wilson 1921, Senft and Angleton
1962, Forest Products Laboratory 2010). The correlation found in the current study is stronger
than the correlation of -0.296 reported by Senft and Angleton (1962).
2. When the data were broken out into grades, the correlation between grain angle meter
reading and MOR got progressively stronger as the grade went down. This could be (at least
partially) the result of the co-occurrence of steeper grain angles and larger knots. As the grain
approaches a knot, it deviates around it. Larger grain deviations commonly occur near larger
knots. In those cases, the lumber is weakened in two ways—first by the grain angle deviation
itself, and then again by the presence of the knot. (Since the grain of the knot runs at an angle
oblique or perpendicular to the longitudinal axis of the lumber, it contributes little to bending
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strength at that location, much like a hole.) Lumber with larger knots is typically assigned a
lower grade. In this way, the co-occurrence of a larger knot could amplify and confound the
negative effect grain angle deviation has on bending strength, contributing to the increase in the
correlation between grain angle and MOR as grade decreases.
3. Among the three measures of MOE taken, the correlation between MOE-stat and the
grain angle meter reading for the mill-run lumber was the strongest (-0.314) followed by Dir-E (0.249) and Ecomp-E (-0.251). Since the correlation between grain angle meter reading and
bending strength explains approximately 18 percent (r2 ) of the variance in the mill-run data and
approximately 21 percent (r2 ) in the lower-grade materials, its utility as a supplementary
nondestructive method in lumber production lines should be considered. The following
modifications could improve its suitability to this end.
The device currently has no automated way to capture the highest grain angle reading
over a given span. Accordingly, the operator needs to watch the digital display closely and
remember the highest reading. This could likely result in a fair amount of human measurement
error. If the machine were equipped with a setting to automatically capture the highest angle
measured over a span, it could reduce this source of human error and possibly improve the
correlation between grain angle reading and mechanical properties.
Another potential source of error is due to the fact that the device has no guide that keeps
the meter parallel to the sides of the lumber. As such, inadvertent bending of the operator’s wrist
could introduce error into the grain angle readings. To reduce this source of measurement error,
the manufacturer might consider making an edge guide attachment that would ensure the device
moves in a direction parallel to the length of the lumber. This, too, could improve the correlation
between grain angle reading and mechanical properties.
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As a next step, the authors plan to incorporate these grain angle data into a large multiple
regression analysis along with the other variables collected in this mill-run lumber project to
determine to what extent it improves the R2 on existing and new models.
3.6 Conclusion
The results of the correlation analysis in this technical note offer new insight in two areas.
First, for the mill-run data, it showed that the correlation between grain angle and MOR was 0.420. To the authors’ knowledge, this is the first published assessment of the relationship
between grain angle and bending strength in a full, mill-run population of commercially
available full-size southern pine lumber. Second, in respect to the relationship between grain
angle and MOR among the individual grades, it showed that the correlation got progressively
stronger as the grade went down. This suggests that the Metriguard Model 511 might have
potential, in an industrial setting, to provide supplementary nondestructive data that could be
more useful for assessing bending strength in lower-grade lumber.
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CHAPTER IV
FITTING STATISTICAL DISTRIBUTION MODELS TO MOE AND MOR IN MILL-RUN
SPRUCE AND RED PINE LUMBER POPULATIONS
Anderson, G. C., Owens, F., Verrill S. P., Ross, R. J., & Shmulsky, R. (2021). Fitting statistical
distribution models to MOE and MOR in mill-run spruce and red pine lumber populations.
Wood and Fiber Science. 53 (1): 17-26. (Republished with permission)
4.1 Abstract
It has been mathematically demonstrated that the distribution of modulus of rupture
(MOR) in a graded lumber subpopulation does not have the same theoretical form as the
distribution of the mill-run population from which the subpopulation is drawn. However, the
distributional form of the graded lumber subpopulation does depend heavily on the distributional
form of the full mill-run population, and thus it is important to characterize the distributions of
full mill-run lumber populations. Previous studies presented evidence suggesting that commonlyused distributions such as normal, lognormal, and Weibull distributions might not be suitable for
modeling mill-run modulus of elasticity (MOE) and MOR; rather, nontraditional distributions
such as skew-normal and mixed-normal seem to be more appropriate models for the MOE and
MOR of mill-run populations across mills and time. Previous studies of this kind have been
done using only southern pine (Pinus spp.) lumber. In this paper we extend this work by
investigating whether the distributional forms found to adequately fit southern pine mill-run
lumber populations also adequately fit other species (or species groups). The objective of this
study is to identify statistical models that fit MOE and MOR distributions in mill-run spruce
45

(Picea spp.) and red pine (Pinus resinosa) lumber populations. Mill-run samples of 200 spruce 2
× 4 specimens and 200 red pine 2 × 4 specimens (for a total of 400 test pieces) were collected,
and the MOE and MOR for each specimen were assessed. Various distributions were fit to the
MOE and MOR mill-run data and evaluated for goodness-of-fit. In addition to further
demonstrating that traditional distributions such as normal, lognormal, and Weibull may not be
adequate to model mill run MOE and MOR populations, the results suggested that mixed normal
and skew normal distributions might perform well across species.
4.2 Introduction
The modulus of elasticity (MOE) of graded lumber is often modeled as a normal
distribution, and the modulus of rupture (MOR) of graded lumber as a normal, lognormal, or
Weibull distribution (Green and Evans 1987; Evans et al 1997; ASTM 2017a, 2017b). However,
Verrill et al (2012, 2015) demonstrated mathematically that the distribution of MOR in a graded
subpopulation will not have the same theoretical form as the distribution of MOR in the full,
ungraded (or “mill-run”) population from which the subpopulation is drawn. Instead, the
distributional form of MOR in graded lumber will be pseudo-truncated, exhibiting thinned tails
(Verrill et al 2012, 2015).
Verrill et al (2013, 2014, 2019, 2020a) established empirically that the MOR distributions
of visual grades of lumber are not 2-parameter Weibulls and do indeed display pseudo-truncated
behavior.
Because the exact form of a pseudo-truncated MOR distribution for graded lumber
depends heavily on the mill-run MOR population from which the graded subpopulation is drawn,
it is important to characterize the distributions of mill-run populations. Based on research that
studied the bending properties of eight mill-run southern pine (Pinus spp.) lumber populations
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from different mills and different times of the year, Owens et al (2020) presented evidence
suggesting that normal, lognormal, and Weibull distributions might not be suitable for modeling
mill-run MOE and MOR, and that nontraditional distributions such as skew-normal and mixednormal seem to be more adequate models for the MOE and MOR of those mill-run populations.
Previously, studies of this kind have been done using only southern pine lumber. In this
paper we extend this work by investigating whether the distributional forms found to adequately
fit southern pine mill-run lumber populations also adequately fit other species (or species
groups).
The objective of this study is to identify statistical models that adequately fit MOE and
MOR distributions in mill-run red pine (Pinus resinosa) and spruce (Picea spp.) lumber
populations.
4.3 Materials and Methods
4.3.1 Sampling
Two mill-run samplings were acquired for this research. One was sampled from spruce
production at a New Hampshire mill, and the other was sampled from red pine production at a
Minnesota mill. Each sampling consisted of 200 pieces of rough, kiln-dried 2 × 4 lumber. The
nominal length was eight feet (243.84 cm).
For each sampling, from weekly kiln production, a kiln package was randomly selected.
After the top course of lumber was removed, the subsequent two-hundred pieces of lumber were
sampled. A detailed sampling scheme can be found in Owens et al (2018, 2019). All materials
were pulled before grades were assigned. The samplings include qualities from the “best” to the
“worst,” even pieces that might not make grade and otherwise be discarded.
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All samples were transported to [name of university redacted for review] and planed to
average dimensions of 1.5 inches by 3.5 inches (3.81 × 8.89 cm). Although specimens were
pulled as mill-run materials, all the samples were graded by a Northeastern Lumber
Manufacturers Association (NELMA)-certified grader for additional data in case of further
analysis.
4.3.2 Testing
For each specimen, elasticity (static MOE and dynamic MOE) and strength (MOR)
properties were assessed. Nondestructive tests were performed to estimate two forms of dynamic
MOE (transverse and longitudinal), and a static bending test per ASTM D 198-15 (a destructive
test) was performed to measure the static MOE and MOR.
Metriguard’s E-computer Model 340 (Metriguard, Inc., Pullman, WA
www.metriguard.com) was used to estimate the dynamic MOE by measuring transverse
vibration. Each specimen was placed flatwise on two tripods supporting the test piece at each
end. One tripod was topped with a transducer connected to a computer to capture the oscillation
introduced by a slight tap at the middle of the board. After sensing the vibration and measuring
the weight, the E-computer calculated the dynamic MOE by Eq 1.3:

E=(f 2WS3)/CIg)

(1.3)

where E is dynamic MOE, f is the resonant frequency, W is the weight, S is the span, C is a
constant, I is the moment of inertia, and g is the acceleration due to gravity (Ross 2015).
The other form of dynamic MOE was estimated by measuring longitudinal acoustic
velocity using Fibre-gen’s Director HM200 (Fibre-gen Limited, Christchurch, New Zealand,
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www.fibre-gen.com). Each test piece was placed flatwise on two sawhorses with the sensor of
the Fibre-gen device held firmly against one end of the board. A hammer was used to tap at the
same end and initiate an acoustic wave that traveled back and forth longitudinally. The acoustic
velocity value measured by the sensor was used in Eq 1.4 to calculate the MOE value.

𝐸 = 𝜌𝑉2

(1.4)

where E is dynamic MOE, ρ is density, V is velocity.
Static MOE and MOR were measured by a third-point static bending test performed on
an Instron universal testing machine per ASTM D 198-15 (ASTM 2015) with a span-to-depth
ratio of 17:1 (Fig. 4.1). The test span was thus 59.5-inch (151.13 cm). This 59.5-inch span was
then randomly positioned, lengthwise, to each test specimen’s approximate 96-inch length. Each
test specimen was randomly determined and marked within the 8-foot-long board prior to the
test. The test piece was placed edgewise in the fixture. A load was applied until full rupture, and
the deflection was measured by an extensometer placed under the bottom edge of the mid-span.
Before any statistical analysis, MOR and three measures of MOE were adjusted to a common
MC of 15% per ASTM D 1990-16 (ASTM 2016). The average MC of the spruce samples was
15.1% (SD=0.96), and the average MC of the red pine samples was 11.5% (SD=0.80).
One specimen of spruce broke before the bending test, and that record was removed
listwise. Also, Metriguard’s E-computer was unable to obtain the dynamic MOE value of one
specimen of spruce. Fibre-gen’s Director HM200 was unable to obtain the dynamic MOE values
of two specimens of spruce and five specimens of red pine. Accordingly, the missing data were
removed pairwise.
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4.3.3 Statistical methods
In total, six distributions were selected as candidate distributions to fit to the MOR and
MOE data so that they could be evaluated for goodness-of-fit. Based on past studies (Galligan et
al 1986; Green and Evans 1987; Evans et al 1997; ASTM 2017a, 2017b), four commonly used
distributions—normal, lognormal, two-parameter Weibull, and three-parameter Weibull—were
selected. In addition, two nontraditional distributions—skew normal, and mixed normal—were
selected based on previous research (Verrill et al 2017; Owens et al 2018, 2019, 2020). The
probability density function for each distribution can be found in the Appendix section.
R (R Core Team 2018) was used to perform normal and lognormal fits. Fortran programs
written by the authors were used to perform the two-parameter Weibull, three-parameter
Weibull, skew normal, and mixed normal fits.
To assess goodness-of-fit, the nortest package (Gross and Ligges 2015) in R was used to
perform Cramér–von Mises and Anderson–Darling tests for normal and lognormal distributions.
The R shapiro.test command was used to perform Shapiro-Wilk tests for normal and lognormal
distributions. The EWGoF package (Krit 2017) in R was used to perform Cramér–von Mises and
Anderson–Darling tests for the two-parameter Weibull distribution. Fortran programs employing
a parametric bootstrap simulation were used to perform Cramér–von Mises (CVM) tests for
three-parameter Weibull, skew normal, and mixed normal distributions.
4.4 Results
The results of the goodness-of-fit tests for spruce and red pine are presented in Tables 4.1
and 4.2. The histograms and probability plots for each combination of four variables (static
MOE, E-computer E, Director E, and MOR) and six distributions (normal, lognormal, two-
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parameter Weibull, three-parameter Weibull, skew normal, and mixed normal) for both species
can be found at https://www1.fpl.fs.fed.us/spruce_redpine_plots.html.
Table 4.3 shows the number of times that a distribution was rejected by the goodness-offit test at a 0.05 significance level. (A value of 0 indicates that it failed to reject, and a value of 1
indicates that it was rejected.) The bottom row shows the total number of times the distribution
was rejected across species and properties. The value can range from 0 to 8. Lower numbers
suggest that the distribution might be a good model for strength and stiffness across these
species.
Probability plots for mixed normal and skew normal distributional fits to bending
properties in spruce and red pine appear in Figs. 4.2 and 4.3.
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Table 4.1

Goodness-of-fit p-values for spruce.
Distribution
Property

N

Static MOE

199

E-computer E

Director E

MOR

198

197

199

GOF test

Normal

Lognormal

Shapiro–Wilk

.46

<.0001

2-par
Weibull
—

3-par
Weibull
—

Skew normal
—

Mixed
normal
—

Cramér–von Mises

.31

<.0001

.87

—

—

—

Anderson–Darling

.33

<.0001

.88

—

—

—

CVM simulationa
Shapiro–Wilk

—
.26

—
<.0001

—
—

.775

.365

.604

Cramér–von Mises

.25

<.0001

.98

Anderson–Darling

.27

<.0001

.98

—
—
—

—
—
—

—
—
—

CVM simulation
Shapiro–Wilk

—

—

—

.957

.999

.740

.67

<.0001

—

Cramér–von Mises

.56

<.0001

.43

Anderson–Darling

.57

<.0001

.34

—
—
—

—
—
—

—
—
—

CVM simulation
Shapiro–Wilk

—

—

—

.465

.785

.873

.20

<.0001

—

Cramér–von Mises

.68

<.0001

.73

Anderson–Darling

.50

<.0001

.53

—
—
—

—
—
—

—
—
—

CVM simulation

—

—

—

.259

.539

.237

In cases where critical values for the Cramér–von Mises test were not available in D’Agostino and Stephens (1986), they were determined by simulation. Bold
values indicate that a test failed to reject a distribution at a 0.05 significance level. GOF, goodness of fit; par, parameter; E-computer E, dynamic MOE as tested
with the E-computer device; Director E, dynamic MOE as tested with the Director HM200 device; CVM, Cramér–von Mises; “—,” the test was not performed.
a
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Table 4.2

Goodness-of-fit p-values for red pine.
Distribution
Property

N

GOF test

Normal

Lognormal

2-par
Weibull

3-par
Weibull

Skew
normal

Mixed
normal

Static MOE

200

Shapiro–Wilk

<.0001

.77

—

Cramér–von Mises

<.0001

.67

<.0001

Anderson–Darling

<.0001

.73

<.0001

—
—
—

—
—
—

—
—
—

—

—

.059

.351

.249

Shapiro–Wilk

<.0001

.47

—
—

Cramér–von Mises

<.0001

.49

<.0001

Anderson–Darling

<.0001

.52

<.0001

—
—
—

—
—
—

—
—
—

CVM simulation

—

—

.044

.549

.921

Shapiro–Wilk

<.0001

.43

—
—

Cramér–von Mises

<.0001

.55

<.0001

Anderson–Darling

<.0001

.48

<.0001

—
—
—

—
—
—

—
—
—

CVM simulation

—

—

.001

.247

.723

Shapiro–Wilk

<.0001

.05

—
—

Cramér–von Mises

<.0001

.09

<.0001

Anderson–Darling

<.0001

.09

<.0001

—
—
—

—
—
—

—
—
—

CVM simulation

—

—

—

<.001

.007

.974

CVM
E-computer E

Director E

MOR

200

195

200

simulationa

In cases where critical values for the Cramér–von Mises test were not available in D’Agostino and Stephens (1986), they were determined by simulation. Bold
values indicate that a test failed to reject a distribution at a 0.05 significance level. GOF, goodness of fit; par, parameter; E-computer E, dynamic MOE as tested
with the E-computer device; Director E, dynamic MOE as tested with the Director HM200 device; CVM, Cramér–von Mises; “—,” the test was not performed.
a
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Table 4.3

Goodness-of-fit test summary rejection score card

Species

Property

Spruce

Static MOE
E-computer E
Director E
MOR
Static MOE
E-computer E
Director E
MOR

Red pine

Total

Normal

Lognormal

0
0
0
0
1
1
1
1
4

1
1
1
1
0
0
0
0
4

2-par
Weibull
0
0
0
0
1
1
1
1
4

3-par
Weibull
0
0
0
0
0
1
1
1
3

Skew
normal
0
0
0
0
0
0
0
1
1

Mixed
normal
0
0
0
0
0
0
0
0
0

The numbers in the table indicate the number for which a distribution was rejected by a goodness-of-fit test at a 0.05
significance level for each of the four properties (static MOE, E-computer E, Director E, and MOR). These numbers
(except for total) can be either 0 (failed to reject) or 1 (rejected). MOE, modulus of elasticity; MOR, modulus of
rupture; par, parameter; E-computer E, dynamic MOE as tested with E-computer device; Director E, dynamic MOE
as tested with Director HM200 device.

Figure 4.1

Third-point static bending test fixture per ASTM D 198-15
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Figure 4.2

Probability plots for skew normal and mixed normal distributional fits to bending
properties in spruce.

For each plot, X and Y axes are “Ordered Expected Values” and “Ordered Observed Values,”
respectively. The p-values are from Cramér–von Mises simulation tests.
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Figure 4.3

Probability plots for skew normal and mixed normal distributional fits to bending
properties in red pine.

For each plot, X and Y axes are “Ordered Expected Values” and “Ordered Observed Values,”
respectively. The p-values are from Cramér–von Mises simulation tests.
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4.5 Discussion
For the southern pine data in Owens et al. (2020), the normal, lognormal, two-parameter
Weibull, and three-parameter Weibull distributions showed differences in fit quality among mills
and between seasons. In the current study of spruce and red pine, these four distributions
showed differences in fit quality between species. For example, while normal and two-parameter
Weibull showed adequate fits across all properties in the spruce data, they yielded poor fits
across all properties in the red pine data. On the other hand, while lognormal showed adequate
fits across all properties in the red pine data, it yielded poor fits across all properties in the spruce
data. Similarly, three-parameter Weibull exhibited adequate fit for all properties in spruce but
poor fit for all properties except static MOE in red pine. When the comparison also includes the
results of the goodness-of fit-tests for southern pine reported in Owens et al (2018, 2019, 2020),
these inconsistencies in fit quality across species become even more apparent.
Based on tallies in Table 3, if one were to rank these six distribution models from best to
worst according to the number of properties for which they seemed an adequate fit across both
the spruce and red pine data, the order would be 1) mixed normal, 2) skew normal, 3) threeparameter Weibull, and 4) normal, lognormal and two-parameter Weibull (in a three-way tie).
Similar to the results reported in Owens et al (2018, 2019, 2020), skew normal and mixed normal
performed well across all properties in both spruce and red pine as illustrated in Figures 2 and 3.
The results of all the mill-run studies thus far suggest that these two distributions might
perform better across properties, mills, time, and even species than the traditional normal,
lognormal and Weibull distributions.
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We note, however, that recent work suggests that even if we can find a class of models
that yields good fits to mill run strength and stiffness distributions, the particular fits (the fitted
parameters) can vary significantly from mill to mill and time to time.
For example, Anderson et al (2019) established that the means and standard deviations of
mill-run property distributions could vary with time, and that these variations could yield
significant differences in the percentiles of the strength distributions of the corresponding grades
produced by the mills.
Verrill et al (2020b) demonstrated that observed changes from mill to mill and time to
time sometimes yield large changes in the probabilities of board breakage at fixed loads for
boards from the same nominal “grade.”
Thus, although it is important to identify general classes of models that do a good job of
fitting mill-run strength and stiffness distributions at a wide variety of mills, if the resulting
specific fits vary widely from time to time and from mill to mill, scientists and engineers will still
have a strong incentive to develop computer models that yield real-time in-line estimates of
lumber properties based on measurements of stiffness, specific gravity, knot size and location,
slope of grain, and other strength predictors.

4.6 Conclusion
The objective of this study was to identify statistical models that adequately fit MOE and
MOR distributions in mill-run red pine and spruce lumber populations. Mill-run samples of 200
red pine 2 × 4 specimens and 200 spruce 2 × 4 specimens (for a total of 400 test pieces) were
collected, and the MOE and MOR for each specimen were assessed. Six distributions were fit to
the MOE and MOR mill-run data and evaluated for goodness-of-fit. The results demonstrated
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that traditional distributions such as normal, lognormal, and Weibull might not be adequate to
model MOE and MOR populations across species. Mixed normal and skew normal performed
well across species.
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APPENDIX A
PROBABILITY DENSITY FUNCTIONS NORMAL DISTRIBUTION
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Normal
The normal probability density function is given by

𝑓(𝑥; 𝜇, 𝜎) =

1 1
exp (−(𝑥 − 𝜇)²/(2𝜎 2 ))
𝜎
√2𝜋

(A.1)

For 𝑥∈(−∞, ∞), where 𝜇 is the mean and 𝜎 is the SD. This distribution is denoted by the notation
N(𝜇, 𝜎 2 ).
Lognormal
The lognormal probability density function is given by

𝑓(𝑥; 𝜇, 𝜎) =

1 11
exp (−(log(𝑥) − 𝜇)²/(2𝜎 2 ))
√2𝜋 𝜎 𝑥

(A.2)

for 𝑥 ∈(0, ∞), where 𝜇 is the mean and 𝜎 is the SD of the log of the original data.
Two-parameter Weibull
The two-parameter Weibull has probability density function

𝑓(𝑤; 𝛾, 𝛽) = 𝛾 𝛽 𝛽𝑤𝛽−1 exp (−(𝛾𝑤)𝛽 )

(A.3)

for 𝑤 ∈[0, ∞), where 𝛽 is the shape parameter and 𝛾 is the inverse of the scale parameter.
Three-parameter Weibull
The three-parameter Weibull has probability density function

𝑓(𝑤; 𝛾, 𝛽, 𝑐) = 𝛾 𝛽 𝛽(𝑤 − 𝑐)𝛽−1 exp (−(𝛾(𝑤 − 𝑐))𝛽 )

(A.4)

for 𝑤 ∈[ 𝑐, ∞), where 𝛽 is the shape parameter, 𝛾 is the inverse of the scale parameter, and 𝑐 is
the location parameter.
64

Skew normal
The skew normal distribution has probability density function

𝑓(𝑥; 𝜉, 𝜔, 𝛼) =

2
𝑥−𝜉
𝑥−𝜉
))
× 𝜙(
) × Ф(𝛼 (
𝜔
𝜔
𝜔

(A.5)

for 𝑥 ∈(−∞, ∞), where 𝜙 denotes the probability density function of a standardized normal, Ф
denotes the cumulative distribution function of a standardized normal, and 𝜉 , 𝜔, and 𝛼 are the
parameters of the skew normal.
Mixed normal
Here, the “mixed normal distribution” refers to a mixture of two normal distributions. Such a
mixture results when specimens are drawn with probability p from a N(𝜇1 , 𝜎12 ) distribution and
with probability 1− 𝑝 from a N(𝜇2 , 𝜎22 ) distribution. The probability density function is given by
𝑓(𝑥; 𝜇1 , 𝜎1 , 𝑝, 𝜇2 , 𝜎2 )

1
exp(−(𝑥 − 𝜇1 )²/(2𝜎12 )) + (1
√2𝜋 𝜎1
1 1
− 𝑝) ×
exp (−(𝑥 − 𝜇2 )²/(2𝜎22 ))
𝜎
√2𝜋 2
=𝑝×

1

for 𝑥 ∈(−∞, ∞).
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(A.6)

